ABSTRACT Epistatic interactions are generally defined as the interactions between different singlenucleotide polymorphisms (SNPs). Identifying epistatic interactions is important for determining the individual susceptibility of complex diseases. In large-scale association studies, finding epistatic interactions in the large volume of SNP data is a challenging issue. Since the current search approaches are confronted with the serious problem of computational burden, developing an efficient algorithm for dealing with the intensive computing problem would be significant. In this paper, a novel differential evolution-based algorithm DEseeker is proposed to detect epistatic interactions. DEseeker, combined with a local search and a self-adapting parameter tuning strategy, employs a two-stage design of DE to enhance its search capability. DEseeker is compared with the other recent algorithms on a set of simulated datasets and a real biological dataset. The experimental results on the simulated datasets show that the proposed algorithm is superior to the other compared algorithms in terms of detection power. The discovery of the real biological dataset demonstrates that the proposed algorithm is promising for practical disease prognosis.
I. INTRODUCTION
Genome-wide association studies (GWAS) take advantage of high-throughput genotyping technique to analyze tens of thousands of SNPs [1] - [4] . With efficient effects in discerning the potential pathogens of diseases, GWAS have been proved to be very useful in verifying a multitude of SNP markers in relation to diseases and quantitative traits [5] , [6] . Irrespective of the great achievements that have been made in the detection of single-locus SNPs related to diseases such as Mendelian diseases [7] , [8] , it is actually problematic to seek the suspected loci of complex diseases like diabetes [9] , breast cancer [10] , and atrial fibrillation [11] . One of the primary reasons for this is that the attack of numerous complex diseases would be affected by multilocus SNPs which complicate problems because of their mutual reaction [12] - [14] .
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The interactive effects of multilocus SNPs are called epistatic interactions or epistasis [15] - [18] .
Currently, there are some search methods that can deal with this problem [19] - [22] , such as predictive rule inference for epistatic interaction (SNPRuler) [19] , boolean operationbased screening and testing (BOOST) [20] , two-stage ant colony optimization algorithm (AntEpiSeeker) [21] , and self-adjusting ant colony optimization based on information entropy (IEACO) [22] . BOOST is a two-stage exhaustive search method for identifying epistatic interactions. In the screening stage, all interactions are evaluated and those passing a specified threshold are selected; In the testing stage, the associations between selected interactions and diseases are measured. SNPRuler is a heuristic search method that uses predictive rules to detect epistatic interactions. The predictive rules are used to describe the relationships between epistatic interactions and diseases, and they are obtained by a branch and bound algorithm. AntEpiSeeker uses a twostage optimization procedure enhance the detection power of ant colony optimization [23] , [24] , but the post-processing of the algorithm is time-consuming. IEACO automatically adjusts the path selection strategy through the use of information entropy, but sometimes changing the path strategy is useless.
The identification of the epistatic interactions on the genome-wide data set still confronts challenges in the following two aspects. One is that detecting epistatic interactions is a huge computational task due to the high-dimensional search space. The other is that it is intractable to develop a method that can reliably identify epistatic interactions from different disease models because of potential model preferences.
The solution to the difficult problem can be achieved using evolutionary algorithms such as differential evolution (DE) [25] , [26] algorithm. DE has shown excellent performance in various optimization problems, for example numerical optimization [27] , signal processing [28] and feature selection [29] . Like other evolutionary algorithms, DE is a stochastic model that simulates biological evolution. Through repeated iterations, the algorithm saves the vectors who adapt to the environment. Compared with other evolutionary algorithms, DE adopts real coding, simple mutation operation based on difference and one-to-one competitive survival strategy, reducing the complexity of genetic operations. However, it is difficult to detect epistatic interactions by using the basic DE directly.
To solve the epistatic interaction problem more efficiently, a new optimization algorithm named DEseeker is proposed in this article. Combined with a local search and a self-adapting parameter tuning strategy, the proposed algorithm uses a twostage design to enhance the power of DE algorithm. For evaluating the detection power of the proposed algorithm, we compared DESeeker with other representative methods (SNPRuler, BOOST, AntEpiSeeker, IEACO, and DE) on simulated datasets and a real rheumatoid arthritis (RA) [38] . The experimental results show that DESeeker is promising in detecting epistatic interactions. All the experiments were performed on Windows 10 system with Intel(R) Core(TM) i7-8550U @2.0GHz, 16 GB memory, and all program codes of the compared algorithms were written in Java.
II. METHODS
In GWAS, SNPs are bi-allelic markers. Uppercase letters such as (A) and (B) represent the main alleles, and lowercase letters such as (a) and (b) represent the secondary alleles. There are three kinds of genotypes for each SNP: AA, Aa, and aa. AA denotes the homozygous common genotype, Aa denotes the heterozygous genotype, and aa denotes the homozygous minor genotype. In the dataset, the three genotypes are represented by 0, 1, and 2, respectively. A set of SNPs is defined by S = {r 1 , r 2 , . . . , r L } with L SNP markers, and a twolocus epistatic interaction or SNP combination is defined by {r y , r z }(1 ≤ y, z ≤ L, y = z). In addition, S samples (including S d cases and S u controls) genotyped at L SNP markers are used for the association study in a dataset.
A. THE BASIC DIFFERENTIAL EVOLUTION
The basic DE searches for the solution over the whole search space through some simple mathematical formulas. If the new solution is improved, it will be accepted. Otherwise, it will be discarded. The process is repeated until the number of iterations exceeds a predetermined value. The solving process of the basic DE is as follows:
A random initial population P = {x i } (i =1, 2,. . . , M ) with M vectors starts the algorithm. Each vector x i forms a solution to the epistatic interaction problem (such as x i = {r y , r z }, where r y and r z are SNP loci).
The optimal solution is obtained through three iterative genetic operators: Mutation(x i (j)), Crossover(x i (j), v i (j)), and Selection(x i (j), u i (j)).
The mutation operation Mutation(x i (j)) is defined as
where x q1 , x q2 , and x q3 are three vectors selected from the generation randomly; j is the iteration number; F is the scaling factor; round() is the rounding operation. The vector difference between x q2 and x q3 is calculated and multiplied by F. The product is added to vector x q1 for mutation. For the epistatic interaction problem, the mutation can be considered as a random change of the SNP loci in an epistatic interaction. The predetermined target vector and the mutant vector are crossed to obtain a test vector. The crossover operation Crossover(
where t is the tth SNP in a vector, r t is a random number between 0 and 1, and CR is the crossover probability. In the epistatic interaction problem, the mutant epistatic interaction exchanges its SNP loci with the target epistatic interaction under the crossover operation to form the test epistatic interaction. The next generation of vectors is chosen through
where the χ 2 -value is the score function used for epistatic interactions in this algorithm. The null hypothesis is that no relationship between the epistatic interaction and the disease, while the alternative hypothesis is that a certain degree of correlation exists between the epistatic interaction and the disease when the p-value of the statistic is lower than the significance threshold. If the test vector has a better χ 2 -value than the current vector, a new vector will replace the old vector in the next iteration. Otherwise, the old vector is preserved. The selection operator can determine whether the target epistatic interaction or the test epistatic interaction survives through to the next iteration. For solving the epistasis problem, the pseudo-code of the basic DE is shown in Algorithm 1. Generate x i (1) with K SNPs 3: end for 4: for j = 1 to N do 5: x best ← x 1 (j) 6 :
9:
x best ← x i (j + 1) 12: end if 13: end for 14: Record x best as a candidate 15: end for DE first initializes M vectors in the search space, and each vector forms an SNP combination with K loci. Then, the χ 2 -value of every selected epistatic interaction is calculated and compared, and the interaction with highest χ 2 -value is recorded as a candidate epistatic interaction. The above optimization process is repeated until the number of iterations reaches a predetermined value N . Lastly, the candidate epistatic interactions with p-values below a user-defined significance threshold θ are output.
B. DESEEKER 1) FRAMEWORK OF DESEEKER
To improve the detection power of the basic DE described above, a new DE based algorithm named DEseeker, which employs a two-stage design of DE, is proposed. At the first stage, DEseeker uses the basic steps of DE mentioned above to search for SNP combinations, but the number of SNPs in these combinations is greater than the number of SNPs in a specific epistatic interaction. At the second stage, DEseeker exhaustively searches for the epistatic interactions in the selected large size SNP combinations. Algorithm 2 gives the pseudo-code for the DEseeker. For the epistatic interaction problem, if an SNP has a strong marginal effect in an epistatic interaction, the association between the interaction and the disease is mainly caused by this SNP. By using the large size SNP combinations containing epistatic interactions, DEseeker can search for more SNPs than the basic DE in each iteration. In this way, SNPs with strong marginal effects involving in epistatic interactions are more easily found. Generate x i (1) with W SNPs 5: end for 6: for j = 1 to N do 7: x best ← x 1 (j) 8: for i = 1 to M do 9: v i (j) ← Mutation(x i (j)) 10 :
11:
if χ 2 (x i (j + 1)) > χ 2 (bestA) then 13: x best ← x i (j + 1) 14: x best ← HCLS(x best ) 15: end if 16: end for 17: Record x best as a candidate 18 To enhance the global optimization ability of DESeeker, we incorporate a local search (LS) into the proposed algorithm. The LS uses a simple hill climbing algorithm to explore the neighborhood of the solution. Thus, we call this LS hill climbing local search (HCLS). In DE based algorithms, the solutions with higher χ 2 -values are generally preferred for reproduction. Therefore, the best vector of the population is selected to explore its neighborhood by using the HCLS, and a better solution is expected to be obtained. The best vector and the other vectors randomly chosen from the current population will be crossed to obtain a new vector. If the newly obtained vector has a better χ 2 -value than the best vector, the new vector will replace the best vector. Otherwise, the best vector will be preserved. The pseudo-code of HCLS is shown in Algorithm 3.
3) SELF-ADAPTING PARAMETERS
The basis DE has three parameters: the number of vectors in a population M , the scaling factor F, and the crossover rate CR. Setting suitable parameter values is a hard task. In DESeeker, we use a self-adapting approach to set the parameters F Algorithm 3 HCLS Input: x best Output: x best 1: for i = 1 to M do 2: y i ← select a random vector from the population 3: C ← Crossover(x best , y i ) 4: if χ 2 (y i ) > χ 2 (x best ) then 5: x best ← C 6: end if 7: end for and CR [39] . Each vector in the population is extended with the two parameter values. For example, a vector with two SNPs is represented by x i (j) = {r y , r z , F i (j), CR i (j)}. The two parameters will be adjusted through evolution, hence they are calculated as
where rand 1 , rand 2 , rand 3 and rand 4 are uniform random values between 0 and 1. In the experiment, we set τ 1 and τ 2 to 0.1, F l to 0.1, and F u to 0.9. We specify the initial F i (1) to F l + rand 2 * F u and CR i (1) to rand 4 . The better values of the two parameters lead to better vectors that in turn, are more likely to survive and produce offspring and, thus, propagate these better parameter values.
III. RESULTS

A. EXPERIMENTS IN SIMULATED DATASETS 1) DATASET GENERATION
We evaluated the performance of DESeeker through a comparative study with five other methods (SNPRuler, BOOST, AntEpiSeeker, IEACO, and DE) using simulated data derived from the simulation program GAMETES 2.0 [30] . The data simulation proceeded through three different epistasis models with marginal effects [31] , namely, the multiplicative model (Model 1), the threshold model (Model 2), and the concrete model (Model 3), as defined by Marchini et al. [32] . Other parameters for data simulation included the minor allele frequency (MAF), the disease prevalence (P(D)) where D indicates the disease, and the genetic heritability (h 2 ). On the basis of the Hardy-Weinberg equilibrium, the frequency of the genotype combination P(G i ) can be obtained according to the MAF of a SNP. Given a genotype combination, the probability of being affected with the disease is represented by P(D|G i ) where G i is the ith genotype combination. Thus, the disease prevalence P(D) and the genetic heritability h 2 can be calculated by
The value of parameter P(D) was set to be 0.10 in the three models; the value of h 2 was set to be 0.005 in Model 1 and 0.02 in Model 2 and Model 3; and the value of parameter MAF was set to be 0.05, 0.10, 0.20, and 0.50 in each model. For each combination of the above parameters, the simulation program generated 100 datasets, with a single dataset covering 2000 samples (1000 cases and 1000 controls) and 2000 SNPs. In addition, one interaction was embedded in each generated dataset. The details of the three models are provided in Table 1 .
2) PARAMETER SETTING
The premise of the parameter setting is that the parameters of all detect algorithms are set as fairly as possible. The significance threshold θ was set to 0.1 before Bonferroni correction, and the number of SNPs in an epistatic interaction K was 2 in the study. The parameters of BOOST and SNPRuler were set according to the authors' recommendations [19] , [20] . For the other four search methods, the max iteration number N was 500 and the number of vectors or ants M was 500. The other parameters of AntEpiSeeker and IEACO were set as default [21] , [22] . In the basic DE, the scaling factor F was 0.90, and the crossover rate CR was 0.80. In DESeeker, the number of SNPs in a large size SNP combination W was 6. Since the two parameters F and CR are adaptive, we do not need to specify their values.
3) ANALYSIS BASED ON POWER COMPARISON AND RUNNING TIME
Detection power is one of the performance evaluation criteria commonly used in epistasis detection domain [33] , and the detection power is calculated according to the following equation:
where S is the number of SNP datasets successfully detected in 100 datasets generated from the same parameters. Table 2 . DESeeker has the second fastest running time because it consumes more time with the two-stage design and HCLS. However, compared with the fastest DE, the running time of DESeeker does not greatly increase. 
4) ANALYSIS OF RECALL PRECISION, AND F-MEASURE
To evaluate the compared algorithms more rigorously, we introduced a set of more suitable standards known as precision (9) [34] , recall (10) [35] , and F-measure (11) [33] . This set of standards has been commonly applied in the field of pattern recognition. The recall is calculated through dividing the outputted true positives by the true positives in the overall datasets, while the precision is calculated through dividing the outputted true positives by all the outputted values to reflect the false positive rate. For the epistatic interaction problem, a high recall rate means that algorithms could return the most associated epistatic interactions without any consideration about the number of returned epistatic interactions, and a high precision means a high proportion of true associated epistatic interactions in returned interactions. F-measure is a synthesized measurement that combines precision and recall. Table 3 gives the precision, recall, and F-measure of all three models with different parameter settings for all compared algorithms. The recall is recorded as R, the precision is recorded as P, and the F-measure is recorded as F. 
In Model 1, DESeeker achieves all the highest recall values, and the algorithm has three of the four highest precision values, which indicates that it has the lowest false positive rate. For the four different parameter settings in Model 2, DESeeker obtains the highest recall, precision, and F-measure in three of them, respectively. In Model 3, DESeeker also gets all the highest recall values, but it achieves low precision and low F-measure, which indicates that the algorithm increases the recall at the expense of increasing the false positive rate in this model. SNPRuler and BOOST obtain low recall and precision, thus resulting in a low F-measure, especially in Model 2. This indicates that the two methods increase the recall at the expense of increasing the false positive rate. DE has a medium recall, precision, and F-measure in most parameter settings due to its randomness. Due to the procedure of AntEpiSeeker and the path selection strategies of IEACO, the two methods have good performance in terms of recall and precision when compared with SNPRuler, BOOST, and DE, which leads to high F-measure results.
5) ANALYSIS OF MULTIPLE EPISTASIS DETECTION
A complex disease is caused by multiple epistatic interactions rather than by a single SNP or epistatic interaction. To evaluate the detection power of DESeeker for detecting multiple epistases from large-scale data, we employed eight mixed cases (Case 1-Case 8) to simulate multiple interactions and we compared the proposed algorithm DESeeker with SNPRuler, BOOST, AntEpiSeeker, IEACO, and DE in these cases. The eight cases were constructed using five pure epistatic models, and all the models were given the same heritability (h 2 ) and MAF (see Table 4 ) [36] , [37] . For instance, Case 1 was made up of Models e1-e5. The first interaction was performed based on Model e1, the second interaction based on Model e2, and so forth by analogy. Thus, the case included five interactions which were simulated independently. The epistatic interactions identified by the six compared algorithms had a true positive rate (TPR) and a false positive rate (FPR), and the top five two-SNP interactions that have p-values below the Bonferroni-corrected significance are reported in Fig. 2 .
The detection power of SNPRuler and BOOST is unstable for TPR. For example, TPR of SNPRuler is high in Case 6 and low in Case 1, and TPR of BOOST is high in Case 3 and low in Case 1. In terms of FPR, neither of the two methods performs well. Since the performance of DE is poor for detecting multiple epistatic interactions, TPR is low and FPR is high. AntEpiSeeker rarely identifies false positives, but the ability for detecting true positives identified by the algorithm is also low. Although IEACO has a good detection performance for TPR, it has a poor performance for FPR. DESeeker gets the highest TPR and the lowest FPR in most cases, which suggests that the proposed DESeeker algorithm significantly outperforms the other algorithms for detecting multiple epistatic interactions.
B. EXPERIMENTS ON A RHEUMATOID ARTHRITIS DATASET
We evaluated the detection power of the six compared algorithms in a rheumatoid arthritis (RA) dataset. The RA dataset contains 3503 individuals (1504 controls and 1999 cases) and 332,831 SNPs [38] , [40] , [41] . The epistatic interactions identified by the six algorithms in the dataset are shown in Table 5 . SNP rs5029938 is related to the gene TNFAIP3 and rs6909916 is related to the gene OLIG3 on chromosome 6, and the two SNPs with main effects have been shown to be closely associated with RA [40] . (rs2857154, rs5029938) is identified by SNPRuler, BOOST, DE, and DESeeker. (rs3890745, rs6909916) is detected by SNPRuler, IEACO, and DESeeker. SNP rs4810485 is related to the gene CD40 on chromosome 20, which has been published to be strongly associated with RA [42] . (rs2748666, rs4810485) is speculated to influence the disease, the interaction is found by DESeeker and AntEpiSeeker. Other epistatic interactions which are possibly associated with RA are detected by the six compared algorithms, but their biological interpretation requires further research.
IV. CONCLUSION
The paper puts forward a simple but effective algorithm called DESeeker to detect epistatic interactions in large-scale datasets. Highlights of DESeeker are the introduced twostage design of DE, the incorporation of HCLS, and the strategy of self-adapting parameters. The two-stage design is provided to effectively and efficiently measure associations between epistatic interactions and the disease. The HCLS is designed to use the hill climbing algorithm to improve the local search ability of DEseeker. The strategy of self-adapting parameters is used to adaptively guide the proposed algorithm to find suitable parameter values.
Irrespective of the favorable performance of DESeeker in the simulation datasets and the real RA dataset, we still have some improvements to make in the future. First of all, more efforts should be made to seek powerful score functions and suitable optimization strategies that could be flexibly combined into our proposed algorithm in VOLUME 7, 2019 follow-up research. Another important future direction is that we will try to incorporate prior knowledge into DESeeker when dealing with specific GWAS datasets. Currently, we have not used prior information in the algorithm. However, useful prior information can improve the power of epistasis detection. Moreover, although the detection power employed in this research has been widely applied in solving epistatic interactions as an evaluation measure, it is worth mentioning here that all the other evaluation measures like receiver operating characteristic curves could also be applied for wider performance analysis.
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